Abstract Osteoarchaeological studies provide valuable information concerning living conditions and life course changes in past societies. However, many skeletal markers, such as entheseal changes, are multifactorial in aetiology; thus, their interpretation is not straightforward. Generalised linear models (GLMs) are ideal for analysing such phenomena, i.e. those with multiple underlying causative factors, but, to date, their use has been limited. This paper focuses attention on using these models to test hypotheses regarding the aetiology of entheseal changes, widely regarded as indicative of activity patterns, but which are also affected by ageing and body size. To demonstrate the use and limitations of these models, this paper provides an independent test of a previously developed GLM on an identified skeletal sample comprised of skeletons from four British sites (n=58) which has a typical sample size for archaeological osteological analysis. In addition to this model, GLMs were developed to include the factor of body size and expand the models to test individual entheses, as well as joint complexes whereby multiple entheses for muscles which act synergistically have been pooled. The results indicate that the original model did not compare well with the frequencies of entheseal changes found in the British assemblage under study. The new models found no clear pattern of influence, although both ageing and body size were important for some entheses. GLMs are appropriate for testing the interaction of biological variables, but future studies need to take into account and test their applicability to archaeological sample sizes.
Introduction
Entheses are the attachments of the soft and hard musculoskeletal tissues, e.g. bone and tendon (see review in Jurmain et al. 2012) . Lytic lesions, new mineralised tissue formation, among other in vivo structural alterations are now named 'entheseal changes' (ECs) (Jurmain et al. 2012) . ECs have been widely used to study the social stratification of labour in past societies because they are perceived to provide direct evidence of repetitive muscular use from individual skeletons (see review in Jurmain et al. 2012) . The importance of distinguishing between the anatomies of entheses has been highlighted in recent years, with distinctions being made between fibrous and fibrocartilaginous entheses (Henderson 2009; Villotte 2006 Villotte , 2008 . This research has demonstrated that, in skeletal remains, there is currently no way to identify normal fibrous entheses because the boundary between their normal surface roughness and the presence of EC is unclear (Jurmain et al. 2012) . Therefore, studies have focussed almost exclusively on fibrocartilaginous entheses (Alves Cardoso and Henderson 2013; Henderson 2009; Jurmain et al. 2012; Villotte et al. 2010) .
Fibrocartilaginous entheses are affected by a number of non-activity-related factors. Diseases, such as diffuse idiopathic skeletal hyperostosis, are widely recognised in the palaeopathological literature and, along with many others, are known to cause ECs (Henderson 2008) . Other factors known to affect these entheses include biological sex, body size and genetic factors (Jurmain et al. 2012; Weiss et al. 2012; Wilczak 1998) . Previous studies that have used identified skeletal collections have demonstrated that the ageing process, rather than occupation, is the primary cause of ECs (Alves Cardoso and Henderson 2010, 2013; Cardoso 2008; Milella et al. 2012) . However, other studies have supported the link between activity patterns and ECs (Kuorinka and Forcier 1995; Milella et al. 2014; Niinimäki 2012; Niinimäki et al. 2013; Shaw and Benjamin 2007) . The most notable support for this link, which tested a presence/absence method of recording ECs using several large identified skeletal collections, found differences between heavy manual labour and those in other occupations (classified as light manual and non-manual) (Villotte et al. 2010) . Villotte et al. (2010) utilised generalised linear methods (GLMs), a statistical approach which has recently been proposed for research questions involving multifactorial phenomena, such as ECs (Nikita 2014; Villotte et al. 2010) . This approach offers the advantage over traditional methods that it can explore the simultaneous effect of multiple factors, continuous, binary or ordinal, as well as their interactions. It should therefore be the most appropriate method to test the relationship between ECs and occupation, as it is able to take into account the many other factors known to be associated with EC formation. However, to date, the model itself has not been used to determine activity patterns in archaeological remains.
The sample size used in the GLM analysis described above was over 300 skeletons (n = 367) (Villotte et al. 2010 ). However, sample sizes from archaeological sites are normally under 50 individuals often with significantly fewer elements with observable entheses (Henderson 2013a) . A meta-analysis (ibid.) demonstrated that the median number of individuals represented when divided up by site, period and enthesis was 15 with a maximum of 44. This is likely an overestimate of average sample sizes because sites without an enthesis present were removed from the analysis. For this reason, it is vital that the model developed by Villotte et al. (2010) is tested on a sample of identified skeletons with a typical size (and therefore with inherent biases in demographical profile) for an archaeological site before it is used to identify activity patterns in past populations. The model is also based on pooling several entheses into a single frequency score for each individual, but this means that neither the effect of single muscles (e.g. whether flexing or extending the elbow) can be identified nor can joint usage be determined. Furthermore, the effect of body size was not taken into account in the model, which some authors have found to affect EC presence (Weiss et al. 2012) .
The aim of this paper is to test whether the model developed from the exploratory analysis by Villotte et al. (2010) could be applied to a typical archaeological skeletal sample with known occupation. The model successfully developed by Villotte and colleagues modelled their data based on activity patterns; therefore, this model should be more widely applicable to similar samples based on its robustness. An additional aim of the current paper is to determine whether GLM models applied to specific muscles and accounting for age and body size could achieve a similarly good modelling of the data, while providing improved specificity for the types of movement undertaken by the different occupation categories. Finally, this paper aims at determining whether models of joint usage based on EC presence at joint complexes, while accounting for confounding factors, would provide greater specificity than the original model for studying occupation from EC. To achieve this, British identified skeletal collections representing both a diversity of occupations and a typically sized archaeological sample were used.
Materials and methods
Male skeletons (n=58) from four British postmediaeval sites were selected to provide a range of occupational categories to provide comparable data to Villotte et al. (2010) . The burial dates range in time from 1673 to 1895 and are represented by three urban sites from London (Cowie et al. 2008; Miles et al. 2008; Scheuer and Bowman 1995) and one rural site from North Yorkshire (Caffell and Holst 2010; Henderson et al. 2013) ; for details, see Table 1 . This is a geographically and socially heterogeneous sample, similar to that of the original study which found no differences between the populations used, indicating that pooling samples in this manner should not skew the results (Villotte et al. 2010) . The occupational categorisation follows that used in the original paper except in the case of the tailors from Fewston. Documentary evidence from this site indicates that they were likely to have been engaged in farming activities , and they have been classified with this group of individuals. The jewellers (for whom no category was found in the original paper) have been classified with the heavy manual workers because they likely engaged in relatively heavy repetitive tasks similar to other occupations in this category. Data on sex, age and occupation were all collected from the documentary evidence associated with the skeletal remains. To avoid biasing results, the only variable known was the sex of the skeleton. Only male individuals were recorded because of the limited available data on female activities based on documentary evidence (Alves Cardoso and Henderson 2013; Henderson et al. 2013) .
Entheseal changes were recorded as absent or present (Villotte 2006; Villotte et al. 2010) . The entheses recorded and the joint complexes in which these entheses were pooled are listed in Tables 2 and 5. Note that these are all fibrocartilaginous entheses because there is currently no biologically appropriate method for recording fibrous entheses (Jurmain, et al. 2012) . The method used to create joint Question marks indicate individuals whose occupation is not certain. 'X' indicates which individuals were used in the age-matched sample to compare EC frequency between boneformers and non-boneformers Odds ratios present the difference between the non-manual (used as the control) and manual workers. Odds ratios and p values (including those for GLM) are marked in bold and are those which are statistically significant (p < 0.05). GLM models presented are those without interactions *Remains statistically significant after Holm-Bonferroni correction complexes is described below in section BTesting the new models: joint complexes^. Long bone measurements were taken to create proxies for body size, and mean values per side and activity are given in Table 3 . All measurements were taken following Buikstra and Ubelaker (1994) except for the antero-posterior diameter of the radius which was measured immediately distal to the level of the pronator teres insertion, identified by a roughened often darker area on the bone. This redefinition enables measurements at a comparable level in all individuals in relation to their musculature, without incorporating any ECs associated with these entheses. The averaged z scores of all humeral dimensions were used as a proxy for humeral size, and the corresponding radial values were used for the radius and ulna.
For the shoulder, the averaged z scores included the vertical and transverse humeral head diameter and the maximum humeral length, for the elbow the condylar width (which avoids including the size of the common extensor and flexor origins) and humeral maximum length and for the hand/wrist the antero-posterior and medio-lateral radial diameter as well as radial maximum length. A single proxy for body size was deemed inappropriate because of local variation in skeleton size which may impact on the biomechanics of the musculoskeletal system (Henderson 2013b ).
Disease presence was taken into account, such that individuals displaying signs of sacro-iliac joint, vertebral body or apophyseal ankylosis were classified as 'boneformers' according to previously published criteria (Henderson 2008) . These individuals were excluded from the main analysis because the generalised changes to the fibrocartilaginous zones of the body indicate a systemic alteration which may have pathological aetiology (ibid.). However, they were included for the study of joint complexes because they are another known compounding factor for EC presence and their effect on identifying occupation categories needs to be tested.
Statistical analysis Testing the Villotte et al. GLM method
Since one of the aims of the paper was to test whether a previously derived equation predicting entheseal change frequency accounting for age at death and occupation category could be applied to this sample, a model was calculated for the age and occupation profile of this sample (Villotte et al. 2010) . Ten-year age categories (20-29, 30-39, 40-49, 50-59 and 60+) were used based on the data present. The model used is where side and occupation are binary variables of which both left and non-manual are zero, and right and manual are one (see below for an explanation of the terms of the GLM model) (Villotte et al. 2010) .
This model was plotted and compared to a graph of the frequencies of EC found in the sample. These frequencies were calculated by adding up the number of EC scored as present and dividing by the total number of entheses observable for the entheses: subscapularis, supraspinatus, infraspinatus and biceps brachii insertions, with the common extensor and flexor origins. Boneformers, as described above, were excluded from this analysis.
New models: the GLM method
An additional aim of this paper was to determine whether the existing model could be improved further for the sample under study. To examine this, generalised linear models were created to study the impact of the factors age, body size, and type of activity on the dependent (response) variable EC presence. As discussed above, generalised linear models (GLMs) extend traditional linear regression to encompass response variables that may have non-normal distributions (see detailed discussion in Liang and Zeger 1986; McCullagh and Nelder 1989; Agresti 2002; Molenberghs 2010 and brief summary in Nikita 2014). As such, the response variable may be binary, ordinal or a scale, while both the main effects of each predictor as well as their interactions may be explored.
In particular, GLM is applied when n response values, y 1 , y 2 ,…, y n , are recorded as a function of p explanatory variables, X 1 , X 2 ,…, X p , which can be either continuous or categorical, and the response values come from any exponential family distribution (i.e., normal, binomial, Poisson, gamma, etc.) . The mathematical expression of GLM may be written as
where η=g(μ) and g is any smooth monotonic link function of the mean (μ) of the distribution function of the response variable y.
There are several options for the distribution function and therefore for the nature of the response variable y. For example, y may be a scale, an ordinal or a binary response. If y is a scale variable following the normal distribution, the link function is the identity function and therefore η=μ, where μ is the predicted by the model y value. In this case, GLMs become identical to a general linear model (ANCOVA). When the response is a binary variable, the link function may be expressed as η=ln(P/(1−P)), where P is the probability that the binary variable takes the value 1. In SPSS η is defined from η=−ln(P/(1−P)), and therefore, in SPSS the mathematical expression of GLM under binary response may be written as
where now P is the probability that the binary variable takes the value 0. GLMs were run in SPSS 19.0 with a binary logistic response. The covariance matrix used was the robust estimator because this is a corrected model-based estimator that provides a consistent estimate of the covariance (Chrisletta and Spini 2004) . Note that in order for GLM to be applied, there must be no quasi-complete separation in the data; otherwise, the maximum likelihood estimates do not exist. This is a serious limitation with small sample sizes when multiple predictors are explored, and as a consequence, there are categories with no or very few cases. This is also one of the issues addressed in the current paper. Due to the large number of analyses performed, the p values were recalculated using a HolmBonferroni correction for multiple comparisons.
For all analyses, descriptive statistics and odds ratios were calculated for the EC data, and an effect size, an unbiased version of Cohen's d (Nakagawa and Cuthill 2007) , was used to study the continuous data, e.g. age and bone size. This approach was taken to enable comparison with other studies and to enable comparisons where assumptions of the GLM were violated.
For the new model, real age at deaths was used rather than the age categories because the method used by Villotte et al. (2010) placed the majority of individuals into the same age category (60+, see Table 1 ). Although using the documented ages increases the accuracy of our models, it causes a limitation for the application of this model to archaeological remains for which age at death is not known from associated records.
Testing the new models: individual entheses
Individual entheses represent individual muscles (or collections, in the case of the common extensor and flexor origins) and therefore should provide the most specific indicator of the type of activity undertaken, e.g. extension or flexion of elbow. The majority of bioarchaeological inferences to activities have focussed on this approach (e.g. Weiss et al. 2012 ). In the current study, the presence of changes to individual entheses was recorded (Villotte et al. 2010) . The entheses incorporated were the insertions of the subscapularis, supraspinatus, infraspinatus, and teres minor. Common extensor, flexor and anconeus origins were also studied. Sample sizes for each of these can be found in Table 2 .
Testing the new models: joint complexes Joint complexes were created to study joint use. This is less specific than studying each individual enthesis but provides a more specific model of activity than studying upper limb use, as done in the Villotte et al. (2010) model. Three joints of the upper limb were studied: shoulder, elbow and hand/wrist. The shoulder consists of the complex of subscapularis, supraspinatus, infraspinatus and teres minor insertions; the elbow of the biceps and triceps brachii insertions; and finally, the hand/wrist of the common extensor and flexor origins. The anconeus enthesis was not incorporated into a joint complex because its footprint is sometimes absent and its muscle fibres blend with those of the triceps brachii (Molinier et al. 2011) . For each of these complexes, if an EC was present in any one enthesis, it was considered present for the joint complex under study. This approach was used for the GLM model because frequencies (number of ECs present per enthesis in the joint complex) were non-normally distributed, rendering the use of a linear GLM inappropriate. Odds ratios were calculated on the total number of EC present for all entheses in the joint complex as this is a better representation of the joint complex rather than individual entheses. For example, for the hand/wrist complex, the common extensor origin is more frequently affected by EC than the common flexor origin. However, odds ratios comparable to the GLM models were also calculated for comparison.
As will be discussed in BTesting the Villotte et al. GLM method^, GLMs were not used to compare boneformers to non-boneformers because the resulting sample sizes per group were too small, which, in turn, led to the quasi-complete separation of the data. However, the confounding factor of boneforming was included to compare frequencies of EC presence and the effect of age. Figures 1 and 2 show the model predictions for EC frequency above the frequency found in the sample. The frequencies for the right side for the two oldest age categories and the left nonmanual category closely match the predicted model, as does the second youngest (3-39) age category for the left side. Where the model does not accurately predict the outcome frequency can, in part, be explained by small sample sizes, particularly evident in the youngest age category (non-manual n=2, manual n=1). This is partly caused by the sample size which over-inflates or under-inflates frequencies of ECs present. The latter is evident in the 40-49 category for the nonmanual group (n=7). Tables 2, 4 and 5 demonstrate the small sample sizes involved, prior to subsampling by age category, while Table 1 demonstrates the small numbers of individuals in each age category except the oldest (n=24).
Results

Results of the Villotte et al. GLM method
Testing the new models
Generalised linear models were created specifically for the sample examined in the present paper to test the impact of multiple factors on EC frequency, particularly given the small sample sizes under study. During the analysis of the data, it became clear that the large number of predictors (three variables and their pairwise interactions) was causing computational problems (specifically quasi-complete separation in the data) and generated invalid results. For this reason, the tables presented in this section only show the results for the models that did not exhibit computational problems. For those where computational problems exist, only odds ratios are presented. In addition, in order to minimise such problems, the models included both the main effects and the two-way interactions between predictors, as well as only the main effect of each predictor. In this way, the number of parameters in the model was reduced, which improved the model outcomes for small sample sizes.
It must be stressed that many of the above results ceased to be statistically significant when a Holm-Bonferroni correction for multiple comparisons was used (see Tables 2, 4 and 5). Note that the fact that a statistically significant effect was identified by one or more predictors only in very few cases is very likely also due to the small sample sizes being analysed, that is, the samples are too small to allow for the identification of a significant effect even if one is present.
Testing the new model: individual entheses
In the case of the humeri (Table 2) , only the main effect of each predictor could be explored using GLM, since all models which simultaneously incorporate the main effect and the interaction between predictors exhibited computational errors due to small sample sizes. The only exception was the right anconeus (see below). It can be seen that for the right humerus, age is statistically significant in the case of the subscapularis (p=0.002), while its p value is relatively close to statistical significance for the common extensor origin (p= 0.067) and the common flexor origin (p=0.063). In addition, bone size is statistically significant for the supraspinatus (p= 0.004) and anconeus (p=0.043). In contrast, the type of activity (manual/non-manual) does not have a significant effect for any enthesis on the right side. For the left side, subscapularis is significantly affected by the type of activity (p=0.031), age (p =0.001) and bone size (p = 0.012), whereas no other enthesis appears to be significantly influenced by any of the examined factors. In the case of the right anconeus, for which the interaction between variables could also be incorporated in the model without computational issues, none of the variables exhibited a significant impact on EC presence (p always >0.05).
The interaction between variables could be taken into consideration in the GLM along with the main effect of each predictor in most cases for the entheses of the radius and ulna. Table 4 demonstrates that on the right side, the type of activity is statistically significant for the triceps (p=0.05), as is size (p=0.03), whereas for the biceps, it is only age that has an effect (p=0.005). In contrast, no factor has a significant effect on the entheses of the left side. In respect to the interaction between predictors, only the interaction between age and size is significant in the case of the right triceps (p=0.016), while it is very close to the significant level for the right biceps (p= 0.055). When the interaction between predictors is removed from the model and only the main effects are examined, the only significant effect is that of age for the left biceps (p= 0.029), while the type of activity for the right triceps is also very close to the level of statistical significance (p=0.053).
Testing the new models: joint complexes
When multiple entheses are combined in joint complexes, although the sample sizes increase slightly, computational restrictions remain. Table 5 shows that, in the model including main effects and interactions, the type of activity and age are significant for the right shoulder (p=0.047 and p<0.001, respectively), as is their interaction (p=0.003), but no other factor or interaction between factors appears to have a significant effect on any of the joints under study. When only the main effect of each predictor is explored, age is significant for the right shoulder (p=0.003) and bone size for the left shoulder (p=0.036). None of the GLM comparable odds ratios are significant (Table 5) . However, for the joint complex taken as a whole (Table 5) , the odds ratio for the right elbow shows a difference between manual and non-manual occupations (p=0.001). 
Boneformers
Computational problems meant that it was not possible to use GLM to determine whether age, body size, occupation category or the nature of boneforming was the primary cause of EC in those individuals classified as boneformers. For these individuals, it became apparent that they were older than the rest of the sample (Table 6 ) but were a similar size (unbiased d is lowest for the right vertical head diameter of the humerus is 0.06 and highest for right antero-posterior diameter of the radius at 0.38). Boneformers had a much higher EC frequency for most entheses (Table 6 ). An age-matched control group was created to test whether the primary effect on EC presence was age. This was created by using non-boneformer individuals of the same or ±1-year difference to the boneformer sample; the sample was also balanced in terms of occupation classification with an odds ratio of 0.95 for the difference in occupation categories between the two groups. No large differences in EC frequency were found between the two agematched samples. This indicates that age is likely to have been the primary factor in this difference. A comparison between occupation types was inappropriate due to the small sample size.
Discussion
The first aim of this paper was to test a model developed using GLM (Villotte et al. 2010 ) on identified skeletal samples with a sample size approximately typical of archaeological assemblages. The model performed badly for some age categories caused by sample sizes creating an abnormal spread of EC frequencies, e.g. the range of 0 to 100 % EC presence for the right side for non-manual workers (n=2), whereas the model predicts a frequency of 26 % (Fig. 2) . The difference in frequency is less of a problem than the fact that the shape of the model and values do not completely overlap. This is also a reflection of sample size, which gives individuals or individual entheses a greater impact on pooled EC frequency than what would occur in a much larger sample. This is also an effect of the age categorisation. Increasing the age range for each age category could improve sample size for small samples, and the model clearly shows a dramatic increase in EC frequency between the ages of 40 and 50 (Figs. 1 and 2 ) as has been discussed elsewhere (Villotte et al. 2010 ). The original data should be used to develop such a model, which would be more useful for archaeological samples for which age categories are harder to determine accurately. Such a model should Odds ratios present the difference between the non-manual (used as the control) and manual workers. Odds ratios and p values (including those for GLM) are marked in bold *Remains statistically significant after Holm-Bonferroni correction also be tested on small sample sizes to determine whether it is appropriate. The second aim was to test whether new models can be effectively generated using GLM when the samples of the material under study are small. The models in the current study differed from the one by Villotte et al. (2010) in that they took into account body size and focused on individual entheses as well as joint complexes. For the present models, real age rather than age categories was used and z scores were employed to standardise body sizes. However, the small sample size meant that in many cases, the assumptions of GLM were violated. Where those assumptions were not violated, no single factor was found to systematically affect ECs. It is noteworthy that activity pattern was only found to be a significant factor for one joint (right shoulder) and no entheses, while even this one case did not appear to be significant after a Holm-Bonferroni correction was used. Age and body size were found to have a significant effect in certain cases, but these were very few, especially after the Holm-Bonferroni correction. Previous studies, using a related statistical method, logistic regression, have demonstrated that ageing and size play an important role in EC frequency and enthesis size (Alves Cardoso and Henderson 2013; Nolte and Wilczak 2013) . These studies were undertaken on larger sample sizes, so sample size is likely the key factor in the findings of this study. The most important observation from this analysis is that the significance of each factor differs when interactions are included in the model. This highlights the importance of assessing multiple predictors simultaneously in the study of phenomena with multifactorial aetiology, such as ECs, since the impact of each individual predictor is affected by that of the remaining ones. However, the present study also demonstrates that taking into account multiple predictors is very difficult when small sample sizes are available due to the quasi-complete separation in the data, which causes computational errors and often fails to identify a statistically significant effect even if one is present.
What is important to note is that the odds ratios, which compared manual and non-manual workers, do not entirely mirror the results of the GLM (for example, triceps brachii in Table 4 ) indicating the importance of considering the other aetiological factors (e.g. age and body size) in EC presence. This further demonstrates the importance of using models which can take into account multiple effects. Nevertheless, it is important to present odds ratios to enable comparisons with other samples for meta-analyses (Henderson 2013a ) and where assumptions are violated or sample sizes are too small. For this study, the effect of boneforming was not analysed using GLM for these reasons. Boneformers were found to have a higher frequency of ECs than the rest of the sample, using odds ratios. However, the difference in age profile is likely the cause of this, based on the odds ratios of the age-matched sample. However, multiple effects neither could be studied nor could their interaction, using this method. The impact of boneforming is an area which does require further study using larger sample sizes.
The study was limited by sample size, which also impacted on the range of occupations represented. The conglomeration of four separate samples provided a means to create a sample which presented a more diverse range of occupations. This was also used in the original paper which tested whether this impacted on the results: it did not (Villotte et al. 2010 ). However, it does raise concerns regarding the heterogeneity of the sample geographically and temporally and the sociocultural implications which this may have particularly on occupations and non-professional activities. This is exemplified by the tailors from Fewston who are known from documentary evidence to have been engaged in farming activities . This heterogeneity may not be found in normal archaeological single-cemetery samples. This is a factor which should be considered when developing and testing models. However, the nature of a model should mean that it is applicable outside the original population; therefore, the impact of heterogeneity is unlikely to be a serious limitation in this study.
While the model prediction closely mirrored the real results for the older age categories, the problem of using 10-year age categories, both in terms of reducing sample sizes and due to limitations of osteological ageing methods, means that neither the model is yet widely applicable nor are the single and pooled joint GLM models created here. Consequently, they cannot currently be recommended for use on archaeological collections. Further work is needed to develop a model which can be used on small sample sizes, particularly the need to recognise that some age categories are often under-represented archaeologically, as they are here (Table 1) . This may be possible to achieve, for example, by creating larger age categories. Nevertheless, the statistical approaches used here should be considered for archaeological analyses when studying phenomena of multifactorial aetiology. It is also important to present the data in a way which enables comparisons between studies, e.g. using descriptive statistics, odds ratios or effect sizes.
Conclusions
Generalised linear models offer a method to test the cause of phenomena with multifactorial aetiology. They are particularly appropriate for biological phenomena where the effects are often measured in very different ways. The aims of this study were to determine whether a previously developed GLM method could be applied to a typically sized archaeological sample and to determine whether testing the interaction of body size with ageing and activity pattern would create a better model. The outcomes indicate that the size of the sample affects the frequencies of the ECs observed causing the original model to fail to accurately predict EC frequencies in this sample. The effect of small sample size was exacerbated by dividing the sample into 10-year age categories. It is recommended that, for archaeological studies, this approach should be avoided and larger age categories are created possibly based on a division between 40 and 50 years of age. The new model which was created demonstrated that body size and age should be taken into account but that there is no clear pattern of interaction between EC presence, activity pattern, age, and body size. It is, therefore, recommended that further studies using a larger sample size should be undertaken to test these effects using this statistical approach with the aim of creating a model which can be applied to archaeological sample sizes and on individuals whose age at death and occupation are not documented.
